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ABSTRACT
The recent advances in information and communication technologies have enabled cooperative traffic control at signal-free
intersections, which can significantly improve safety of the roads and performance of urban networks. The impacts of cooperative
control of traffic on the battery life of communicant autonomous vehicles (CAVs), however, are not necessarily positive. This
research develops an analytical model for the battery-capacity loss rate of CAV platoons coordinated to pass through signal-free
smart intersections with no interruption. The main objective of the research is to demonstrate the importance of adjusting the
macro-level setting of the cooperative control system for enhancing the battery life of CAVs. To achieve this goal, the average
battery-capacity loss rate (percentage) is formulated for the expected length of coordination cycles. The proposed analytical
model is then used to investigate the sensitivity of the battery-capacity loss rate to the preset platoon size, network speed, and
the synchronization marginal gap length. These analytical results of the research indicate that the battery-capacity loss rate of
CAVs is a strictly increasing function of the network speed, but a strictly decreasing function of both the platoon size and the
marginal gap. However, at constant network speed, the effect of increasing the marginal gap and the platoon size on reducing
the battery-capacity loss rate is more significant. To evaluate the analytical results of the research, the proposed model is used
to solve a numerical example. The numerical results of the research show that adjusting the macro-level control variables can
improve CAVs’ battery life by 20.9% at the cost of a 5.6% reduction from the maximum network capacity.
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CHAPTER I
INTRODUCTION
Autonomous vehicles (AVs) are expected to enter the consumer market in the near future. The artificial intelligence and wireless
communication incorporated in these vehicles improve the performance of the transportation system by increasing the capacity
of the roads, enhancing the safety of driving, reducing the congestion delay, improving mobility, and reducing the emissions of
air pollutants (Kesting et al., 2008; Fernandes and Nunes, 2012; Bashiri and Fleming, 2017; Amirgholy et al., 2020a). The
transportation system’s performance can be further enhanced by integrating automation technology with wireless communication
(Elliot et al., 2019). These wireless communication technologies enable communicant autonomous vehicles (CAVs) to exchange
information both with each other through vehicle-to-vehicle (V2V) communication and with the infrastructure through vehicleto-infrastructure (V2I) communication in real-time. The V2V and V2I communication technologies make cooperative control of
traffic possible in fully automated networks. Research shows that coordinating the movements of CAVs can significantly
improve the safety of roads and the performance of highways and urban networks. (Kesting et al., 2008; Wang, et al., 2012;
Ngoduy and Jia, 2017; Fangwu et al., 2019). However, the impacts of cooperative traffic control on the battery life of CAVs are
not necessarily positive. This research aims to demonstrate the importance of adjusting the macro-level cooperative traffic control
variables for alleviating the battery-capacity loss rate of CAVs at signal-free urban intersections.
Motivation
Recent advances in autonomous driving and wireless communication have created an opportunity to develop cooperative traffic
control systems as a progressive alternative for conventional traffic control systems, i.e., sign and signals, in connected
environments. Cooperative control of traffic can significantly improve the performance of urban networks (Lee and Park, 2012;
Mirheli et al., 2018). However, energy efficiency, which is a critical factor in the operation of transportation systems, is also
directly impacted by the traffic control strategies (Zhang et al., 2015; Wadud et al., 2016). This impact could be potentially
positive or negative (Wadud et al., 2016). CAVs are equipped with advanced wireless and radar-based autopilot technologies
that enable them to actively monitor the road and exchange information with other vehicles and also infrastructure in real time.
This prevents unnecessary acceleration and deceleration activities potentially reducing the energy losses in the system. Efficient
use of lanes and intersection achieved through the use of shorter gaps between vehicle platoons further improves energy
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efficiency. Leveraging on increased connectivity among the vehicles and infrastructure provided by improvement in the control
technology, CAVs can move together in platoons and act cooperatively increasing traffic throughput and improving the energy
efficiency of the systems (Ardalan and Antonio, 2018). Upgrade in the technologies used in cooperative traffic control has the
potential to reduce road crashes and traffic delays (Vicente, et al., 2012) and reduction in energy losses (Ma and Martesson,
2012).
Cooperative control of CAVs is one area that has received tremendous attention in the literature. However, most of these studies
are concentrated on how they can be used to improve traffic safety and capacity and reduce travel time (Jackline and Andreas,
2017; Ghiasi et al., 2017). There are only a few studies that examined the impacts of cooperative traffic control on energy
efficiency. For instance, in a much earlier study, Monastyrsky and Golownykh (1993) described how a computational method
involving dynamic programming can be used for the optimal control of vehicles to improve the vehicle’s performance and fuel
economy. The study found the optimal fuel consumption to depend on the average speed of different masses of the vehicle. More
recent studies have also taken steps towards developing models to predict battery life and energy use under different carfollowing and platooning strategies (Yang et al., 2013; Yu et al., 2016; Li and Liu, 2019).
Although numerous studies have been conducted on the impacts of cooperative traffic control of CAVs on traffic safety and
congestion, the area concerning the effects of the cooperative control variables on energy efficiency at urban intersections is
limited. This research fills this gap by combining a macroscopic traffic model and an empirical battery-life model to estimate
battery-capacity loss rate in CAV platoons at signal-free smart intersections. The new model is then used to evaluate how the
cooperative control variables can be adjusted to enhance CAVs’ battery life at smart intersections.
Research Objectives
This research aims to investigate the potentials of cooperative traffic control for enhancing the battery life of electric CAVs in
urban networks. To this end, a macroscopic traffic model and a battery-life model are combined to develop an analytical model
of battery-capacity loss rate for the CAV platoons at signal-free intersections, i.e., smart intersections. The proposed model is
then employed to demonstrate the importance of adjusting the platoon size, network speed, and the synchronization marginal
gap length for enhancing the battery life of CAVs. The analytical results of the research indicate that the battery-capacity loss
rate of CAVs is a strictly increasing function of the network speed, but a strictly decreasing function of both the platoon size and
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the marginal gap. However, at constant network speed, the effect of increasing the marginal gap and the platoon size on reducing
the of battery-capacity loss rate is more significant. To investigate the relationship between the battery-capacity loss rate and
the cooperative control variables of the system, a comprehensive sensitivity analysis is also performed on the results. The
numerical results of the research show that adjusting the macro-level control variables can improve CAVs’ battery life by 20.9%
at the cost of a 5.6 % reduction from the maximum network capacity.
Thesis Outline
This thesis is organized as follows. Section 1 introduces and discusses the problem and the motivation. This section is followed
by a literature review in Section 2, which discusses the previous works conducted on this research topic. Section 3 presents the
macroscopic traffic model used in this research. The battery-life model is presented in Section 4, and a battery-life model for
electric CAVs in cooperative traffic control is developed in Section 5 by formulating the battery-capacity-loss function for the
synchronized and resynchronized cycles. The battery-capacity loss rate for the smart intersection is then derived as a function of
the percentage battery-capacity loss and the expected cycle length. In Section 6, a numerical experiment is presented, and the
conclusions drawn from the research are summarized in Section 7.
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CHAPTER II
LITERATURE REVIEW
This section reviews the previous studies relevant to the topic of this research. To provide an overview of the current state of the
art, a thorough review of the literature is presented on three relevant topics: (1) communicant autonomous vehicles, (2)
cooperative traffic control and vehicle platooning, and (3) battery-life of electric vehicles. The results from this review serve as
the basis on which the research question is answered.
Communicant Autonomous Vehicles
Autonomous vehicles employ several technologies, such as sensors, cameras, ultrasound, and wireless communication, for safe
navigation on the road. AVs use radar-based technology and cameras to observe the position of nearby vehicles and detect road
signs and signals as well as pedestrians. They are also equipped with light detection and ranging (Lidar) sensors which measure
distances by bouncing light off the vehicle’s surroundings. These data are processed by an inbuilt software which sends
instructions to the vehicle’ actuators to control acceleration, braking, and steering (Kubáňová and Kubasáková, 2018; Ondrus et
al., 2019).
The International Society of Automotive Engineers (SAE) classifies vehicles into six levels of autonomy depending on how the
dynamics of the driving task are divided between a human driver and a machine (SAE, 2016). At the lowest level, Level 0 (no
automation), the task is performed fully by a human driver, while automated driving system performs the driving task at Level
5. In the levels between 0 and 5, the task is shared by both human drivers and an automated driving system. Vehicles in Level 1
can perform specific automation controls such as adaptive cruise control, guidance on the road, and automatic parallel parking.
Vehicles are capable of partial automation at Level 2, where the assistance includes both steering and acceleration or deceleration.
Human drivers actively monitor the driving environment in both Levels 1 and 2. Level 3 has limited automation whereby drivers
can transfer all vehicle functions under certain conditions. Here, vehicles monitor the changes in the road except for conditions
that require manual operation. While Level 4 (high automation) operates only under driving modes, Level 5 vehicles are fully
automated and able to perform all control functions as well as monitoring road conditions for a whole trip without human
intervention. Several production vehicles are already installed with some level of automation, such as adaptive cruise control
and assisted lane keeping. The rise in the penetration rate of the new technologies in the consumer market is expected to rapidly
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escalate over time. By 2040, AVs are projected to constitute about 50% of vehicles sale and about 40% of all vehicles that will
travel on the roads (Bagloee et al., 2016). The widespread adoption of AVs in the near future is going to significantly impact the
performance of the transportation system and the quality of life of citizens.
The performance of AVs can be significantly improved by enhancing the driving automation technology with wireless
communication. Developing vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication technologies enable
CAVs to exchange information with each other and also with infrastructure in real time (Dongyao and Dong, 2016). In connected
environments, the dedicated short-range communication allows CAVs to communicate among themselves through V2V and to
infrastructure through V2I. Collecting and sharing information in real time alerts drivers of events, potential threats, and hazards
within the vehicle environment, enabling them to act promptly and appropriately, thus improving safety on the roadway (Lu et
al., 2004; Al-Sultan et al., 2014).
The deployment of CAVs promises benefits to the transportation system, such as mitigating traffic congestion and improving
safety, mobility, and sustainability. CAVs can reduce the severity of non-impaired crashes to about 80% (National Highway
Traffic Safety Administration, 2014). Automatic exchange of information between CAVs and infrastructure also enables the
cooperative control of traffic, which can significantly improve the performance of urban networks and highway systems (Dresner
and Stone, 2008; Wu et al., 2012; Goodall et al., 2013; Amirgholy et al., 2020a,b).
Cooperative Control of Communicant Autonomous Vehicles
Recent advancements in vehicle automation and wireless communication among vehicles and between infrastructures have made
vehicle platooning and cooperative traffic control possible. Cooperative traffic control utilizes the advancement in information
and communications technology for the improvement in traffic flow. In cooperative traffic control, a vehicle obtains information
from neighboring vehicles via inter-vehicular communication (IVC) and then implements an appropriate control strategy to
achieve a specific objective, such as maintaining a constant inter-vehicle spacing within the same platoon. Cooperative traffic
control can massively improve traffic capacity by safely increasing speeds and decreasing the headway between CAVs moving
in platoons (Fernandes and Nunes, 2012; Hult et al., 2016; Dai, et al., 2016; Yuanyuan et al., 2019; Amirgholy et al., 2020b).
Vehicle platooning consists of the use of vehicle-to-vehicle communications and sensors, cameras, and radars to effectively
connect two or more vehicles together in a group (Gong Lili, 2018). The connection enables all vehicles in the platoon to
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communicate with each other, allowing them to automatically accelerate and brake together. The connection also allows the
vehicles in the platoon to follow each other at a closer distance than is typically possible with unlinked vehicles. Platooning
offers many benefits, such as improved energy efficiency, safety, and traffic capacity.
Several studies have been conducted on cooperative traffic control and platoon coordination. Research shows that proper platoon
operations can save fuel consumption by reducing the gaps between vehicles in the platoon (McAuliffe et al., 2018). Using
wireless V2V communication and radar sensor data, the first vehicle in adaptive cruise control (ACC) mode and the following
vehicles in cooperative adaptive cruise control (CACC) mode maintained a safe and accurate vehicle-following at short gaps.
Moreover, cooperative control of traffic can significantly reduce queuing delay and fuel consumption in urban networks (Li et
al., 2016). To this end, the routing and movement of CAVs at signal-free intersections can be coordinated in two stages. In the
first stage, CAVs dynamically search for paths with minimal travel time to their destinations. In the second stage, trajectories of
the CAVs are dynamically optimized at signal-free intersections to pass through with the minimum possible delay. Research
shows that optimizing the paths and trajectories of CAVs can significantly reduce the delay and fuel consumption in urban
networks. (Li et al., 2016; Feng et al., 2018).
Battery-Life of Communicant Autonomous Vehicles
Concerns with high energy consumption in transportation is putting emphasis on the usage of electric vehicles. Electric CAVs
are propelled by electric powertrains which are more energy efficient, have no tailpipe emissions and promises large reduction
in the reliance of the transportation sector on fossil fuels (Sadek, 2012). Battery chemistries used in electric vehicles have evolved
over time, from Lead-acid batteries to nickel-metal hybrid batteries to lithium-ion batteries (Koki and Mohan, 2017). Lithiumion batteries (LIBs) are widely used in electric vehicles because of the long life and high shelf capacity of these batteries (Jennifer,
2018). They also have low self-discharging characteristics and high energy density which make them very suitable for electric
vehicles (Azahan et al., 2016). LIBs generally undergo two main degradation mechanisms: (1) cycling-capacity loss and (2)
calendar-capacity loss. Cycling-capacity loss occurs due to the growth of solid electrolyte interphase layer and the loss of cyclable
lithium during battery charging-discharging processes while calendar-capacity loss is caused by self-discharge and side reactions
during battery storage, mainly dictated by battery aging period, state of charge, and the ambient temperatures that the battery
may be exposed to (Barré et al., 2013; Han et al., 2014a). Generally, the capacity loss of LIBs is affected by temperature, depth

12

of discharge, charge-discharge rate, cycling time, and vehicle driving conditions (John and Youngsik, 2010; Azhar et al., 2017;
Shuai, et al., 2018). At high temperatures, lithium ions within the battery move rapidly, triggering chemical reactions that prevent
the ions from transporting energy to the necessary locations, thus affecting the amount of energy that can be withdrawn from the
battery (Xiongwen, 2011; Meng and Son-Yul, 2013).
The performance, life, and aging mechanisms of LIBs have been widely studied in the literature (Broussely et al., 2001; Sun et
al., 2014; Huijun, et al., 2020; Spitthoff et al., 2021). There are different models for estimating the age of LIBs in the literature.
These models range from electrochemical models, semi-empirical models and equivalent circuit models. Details on these models
can be found in Yang et al. (2017); Maheshwari et al., (2018) and Li and Ke (2011). Although several studies have been
conducted on various predictive battery-life models, the impacts of cooperative traffic control on the battery life of CAVs have
been much less studied in the literature. This research develops an analytical model for the battery-capacity loss rate of CAV
platoons coordinated to pass through signal-free intersections with no interruption, i.e., smart intersection. The main objective
of the research is to demonstrate the importance of adjusting the macro-level setting of the cooperative control system for
enhancing the battery life of CAVs.
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CHAPTER III
MACROSCOPIC TRAFFIC MODEL

The analytical battery-capacity loss rate presented in this research is developed based on the macroscopic traffic model developed
for cooperative control of CAV platoons at smart intersections in Amirgholy et al., (2020b). In this model, the arrival and
departure of the approaching platoons are coordinated for the safe passage of CAVs through the signal-free intersections with
no interruption. This section summarizes the platoon coordination process as follows.
Platoon Coordination Process
Cooperative control of CAVs enables using the headway between the CAV platoons in each direction for the successive passage
of platoons in the crossing directions at signal-free smart intersections. For this to happen, the approaching platoons should be
coordinated to arrive at the intersection when a departing one has already cleared the intersection, i.e., synchronization process.
For the synchronization process to be successful, the time gap to the arrival of the next platoon should be equal to or greater than
the time required for the safe passage of the platoon through the intersection. However, the process of synchronizing the arrival
and departure of consecutive platoons at the intersection is stochastic and is subject to failure due to the error in adjusting the
headway and arrival time of the platoons at the intersection. To cope with the operational error, a platoon that arrives early
(before the departing platoon has cleared the intersection) or late (when the time gap to the arrival of the next approving platoon
in the crossing direction is not adequate for the safe passage of the platoon) at the intersection makes a stop there and waits for
the next available gap in the crossing direction to pass through. In this case, the inter-platoon headway in the crossing direction
is also adjusted for the passage of the stopped platoon that starts moving from rest with a constant acceleration through the
intersection, i.e., resynchronization process. Nonetheless, a repeated failure in the synchronization process negatively affects the
intersection performance by increasing the platoon passing time and consequently the cycle length. The probability of the
synchronization failure is mitigated by allowing a marginal gap between the arrival and departure of consecutive platoons in
crossing directions to make up for the operational error in the synchronization process. However, allowing a marginal gap
between the arrival and departure of consecutive platoons can also have adverse impacts on the intersection capacity by
increasing the cycle length. Thus, the expected cycle length is derived as a function of marginal gap length (for a general
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statistical distribution of the operational error) to be able to assess the performance of the intersection under different operation
scenarios.
(1) Synchronization Process
Platoon synchronization aims to eliminate queues and traffic delays using the headway between CAV platoons in one direction
for the successive passage of the platoons in the crossing direction without interruptions. In the case that synchronization is
successful, the approaching platoon in direction 𝑖 ϵ {X, Y} only arrives at the intersection when a departing platoon in
direction 𝑗 ϵ {X, Y}, 𝑖 ≠ 𝑗 has completely cleared the intersection, as illustrated in Figure 1. To improve the success probability
of the synchronization process, a marginal gap is allowed between the arrival and departure of successive platoons in the crossing
directions. In the so-called synchronized cycle, platoons are successfully coordinated to approach and pass through the
intersection without delay.
(a) Platoon Passing Time
The platoon passing time is the time required for the entire length of a platoon of size n traveling at a constant speed v to clear
the intersection of width w. In a synchronized cycle, the platoon passing time, 𝜏! , can be calculated as the platoon length divided
by the network speed:
𝜏" =

𝑛𝑙 + (𝑛 − 1)(δ# + δ𝑣) + 𝑤
𝑣

(1)

where 𝑛 is the platoon size, 𝑣 is the platoon speed, 𝑙 is the length of vehicles in a platoon, 𝑤 is the width of the intersection, 𝛿#
is the intra-platoon jam spacing, and 𝛿 is the fixed incremental rate of the intra-platoon spacing with the speed. Having the
platoon passing time, the synchronized cycle length can be derived as follows.
(b) Cycle Length
The synchronized cycle length, 𝑇 " , is defined as the time required for the passage of the entire length of one platoon in each
direction and is derived by summing the platoon passing times through the intersection in the crossing directions, 𝜏$" = 𝜏" and
𝜏%" = 𝜏" (symmetric case), and the marginal gap length, 𝐺:
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𝑇" =

2(𝑛𝑙 + (𝑛 − 1)(δ# + δ𝑣) + 𝑤) + 𝐺𝑣
𝑣

(2)

Figure 1: Synchronization process at smart intersections
(2) Resynchronization Process
Platoon resynchronization becomes required when the synchronization process fails because of an early or late arrival of a
platoon at the intersection due an operational error. Early arrival occurs when a platoon arrives at the intersection when the
departing one in the crossing direction has not cleared the intersection yet. In a late arrival, a platoon arrives at the intersection
when the time gap to the arrival of the next approaching platoon in the crossing direction is insufficient for the safe passage of
the platoon through the intersection. In either case, the arrival and departure of the consecutive platoons in the crossing directions
need to be resynchronized. In this model setting, a primary direction X is used as reference, and lateness or earliness are defined
for the secondary directionY. The resynchronization process is specified for the proposed setting as follows: an approaching
platoon in a secondary direction Y stops at the intersection upon an early or late arrival, as shown in Figure 2, and waits for the
next available gap in the primary direction X to pass/clear through the intersection. To achieve this, the inter-platoon headway
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in direction X needs to be adjusted for the safe passage of the entire length of platoons in direction Y . In the so-called
resynchronized cycle, the approaching platoon in a secondary direction Y is coorndated to stop and then pass through the
intersection upon an early or late arrival in order to restore the synchronization process.
(a) Platoon Passing Time
The platoon passing time through the intersection in a resynchronized cycle, 𝜏& , is derived by solving the equation of motion
with constant acceleration from kinematics, 𝑛𝑙 + (𝑛 − 1)(𝛿# + 𝛿(𝑎' 𝜏& /2)) + 𝑤 = 𝑎' 𝜏&( /2:
𝜏& =

𝑎' δ(𝑛 − 1) + =(𝑎' δ(𝑛 − 1))( + 8𝑎' (𝑛𝑙 + δ# (𝑛 − 1) + 𝑤)
2𝑎'

(3)

where 𝑎' is the maximum allowable acceleration.
(b) Cycle Length
The resynchronized cycle length, 𝑇 ) , is defined as the length of time required for one platoon in each direction to pass through
the intersection and is obtained by summing the platoon passing times in the crossing directions, 𝜏$& = 𝜏" and 𝜏%& = 𝜏& , and the
marginal gap length, 𝐺:
𝑇) =
where

𝑣𝑚* + 𝑚( + 2𝑎' 𝑣𝐺
2𝑎' 𝑣

(4)

𝑚* = =(𝑎' δ(𝑛 − 1))( + 8𝑎' (𝑛𝑙 + δ# (𝑛 − 1) + 𝑤)

(5)

𝑚( = 𝑎' (2𝑛𝑙 + 2δ# (𝑛 − 1) + 3δ𝑣(𝑛 − 1) + 2𝑤)

(6)
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Figure 2: Resynchronization process at smart intersections
Traffic Operation at Smart Intersections
The stochasticity associated with synchronizing the arrival and departure of the consecutive platoons in crossing directions can
explicitly affect the performance of smart intersections. To capture the stochasticity in modeling the synchronization process,
the operational error is assumed to have a general bell-shaped statistical distribution as shown in Figure 3. Le𝑡 𝑓 be the
probability density function (PDF) of the random operational error in the platoon arrival time with a mean of zero and standard
deviation 𝜎+ such that 𝜀 ~ 𝑓(𝑡; 0, 𝜎+( ), and 𝐺 be the PDF of the random operational error and the marginal gap length with mean
𝐺̅ and standard deviation 𝜎, such that 𝐺 ~ 𝑓(𝑡; 𝐺̅ , σ(, ). To ensure minimum probability of the synchronization failure, platoons
are coordinated to arrive at the intersection right at the midpoint of the marginal gap length. The maximum synchronization
success probability is then formulated in terms of the mean marginal gap 𝐺̅ as follows:
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𝐺̅
𝐺̅
𝑧(𝜔)𝑑𝜔 = 𝑍 P Q − 𝑍 P− Q
2
2
., ⁄(
, ⁄(

(7)

𝑃! (𝐺̅ ) = K

where 𝑍 is the cumulative distribution of 𝑧~ (𝑡; 0, 𝜎+( + σ(, /4). The synchronization failure probability is derived as the
complementary probability of success, 1 − 𝑃! (𝐺̅ ).

Figure 3: Probability distribution of the operational error
Expected Cycle Length
The expected cycle length is a measure of the performance of smart intersections, which can be calculated as the summation of
the synchronized cycle length (𝑇 " ) and the resynchronized cycle length (𝑇 ) ) weighted by the probability of success (𝑃! (𝐺̅ )) and
failure probability (1 − 𝑃! (𝐺̅ )), respectively:
E[𝑇] = 𝜏! V1 + 𝑃! (𝐺̅ )W + 𝜏& V1 − 𝑃! (𝐺̅ )W + 𝐺̅

(8)
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CHAPTER IV
BATTERY LIFE MODEL
There are a variety of diverse methods developed in the literature for modeling the life of LIBs, ranging from mathematical
approaches to electrochemical techniques. The battery-life model proposed in this research is developed based on the approach
presented in Wang et al. (2011). This model estimates the capacity loss caused by cycle aging of LiFePO41 cells based on three
important experimental parameters: (1) depth of discharge (DoD), ranging from 90% to 10%, (2) temperature, ranging from 30oC to 60oC, and (3) discharge rate, i.e., C-rate2, ranging from C/2 to 10C with 1C corresponding to 2A3. The model predicts
the rate of the battery-capacity loss based on the Arrhenius law 4 to account for the effect of temperature as follows:
.1

(9)

𝑄/#!! = 𝐵. 𝑒 ( &2 ) × 𝐴4

where, 𝑄/#!! is the rate of battery-capacity loss, 𝐵 is a pre-exponential factor, 𝐸 is the activation energy, 𝑅 is a gas constant, 𝑇 is
the temperature in Kelvin, and 𝐴 is ampere-hours throughput and 𝑧 is a power law factor. This section develops an analytical
battery-capacity loss model for the coordinated maneuvers of CAV platoons at smart intersections based on the battery-life
model (9). The proposed model is then used to evaluate the effects of adjusting the platoon size, network speed, and the marginal
gap length on the battery life of CAVs.
Battery-capacity loss rate in a Synchronized Cycle
The capacity loss of CAVs at signal-free intersections largely depends on the control strategy implemented for coordinating the
traffic. In a synchronized cycle, the battery discharge can be measured as the rate of battery-capacity loss per cycle, 𝑄" :
𝑄" =

𝑄/#!!
𝑇"

(10)

By plugging in the battery-capacity-loss function 𝑄/#!! from (9) and the synchronized cycle length function 𝑇 " from (2), the rate
of the battery-capacity loss per synchronized cycle is expressed as:

1

LiFePO4: Lithium-ion iron Phosphate

2

C-rate measures a battery discharge rate relative to its maximum capacity
1C indicates that a current of 2A will discharge the battery completely within 1 hour
4
Arrhenius law describes the dependency of the battery-capacity loss rate on temperature
3
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.1

(11)

𝑣𝐵. 𝑒 ( &2 ) × 𝐴4
𝑄" =
2(𝑛 − 1)(δ# + δ𝑣) + 2(𝑛𝑙 + 𝑤) + 𝐺𝑣

The proposed model reveals that the rate of the battery-capacity loss in a synchronized cycle is directly proportional to the speed
and inversely proportional to the marginal gap and platoon size. More specifically, the rate of the capacity loss is a strictly
increasing function of the speed, as the first-order partial derivative of the rate of capacity-loss function with respect to the speed
is always positive, as shown below:
.1

(12)

𝜕𝑄"
2𝐵. 𝑒 ( &2 ) × 𝐴4 (𝑙𝑛 + 𝛿# (𝑛 − 1) + 𝑤)
=
>0
𝜕𝑣
(2(𝑛 − 1)(𝛿# + 𝛿𝑣) + 2(𝑙𝑛 + 𝑤) + 𝐺𝑣)(
!"

since 2𝐵. 𝑒 (#$) × (𝐴)4 (𝑙𝑛 + 𝛿# (𝑛 − 1) + 𝑤) > 0 for ∀𝐵, 𝐴, 𝑙 and 𝑛 ≥ 1, which implies that for any increase in the speed,
there is a corresponding increase in the rate of the capacity loss in the synchronized cycle, as illustrated in Figure 4a.

(a) Variations with speed

(b) Variations with platoon size

(c) Variations with marginal gap

Figure 4: Variations of the battery-capacity loss rate in a synchronized cycle
Although the battery-capacity loss rate is a strictly increasing function of the platoon speed in the synchronized cycle, its upper
limit can be derived as below:
.1

(13)

𝐵. 𝑒 ( &2 ) × 𝐴4
d
𝑄! = lim 𝑄! =
5→7
𝐺 + 2𝛿(𝑛 − 1)

The rate of the capacity loss, however, is a strictly decreasing function of the marginal gap length in a synchronized cycle as the
first-order partial derivative of the percentage capacity-loss function with respect to the marginal gap length is always negative:
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.1

(14)

𝜕𝑄"
−𝑣 ( 𝐵. 𝑒 ( &2 ) × 𝐴4
=
<0
𝜕𝐺
(2(𝑛 − 1)(𝛿# + 𝛿𝑣) + 2(𝑛𝑙 + 𝑤) + 𝐺𝑣)(
!"

since −𝑣 ( 𝐵. 𝑒 (#$) × 𝐴4 < 0 for ∀ 𝐵 and 𝐴 > 0. Thus, the increase of the marginal gap length has a positive effect on the battery
life in a synchronized cycle, as shown in Figure 4b. The rate of the capacity loss in a synchronized cycle is also a strictly
decreasing function of the platoon size:
.1

(15)

𝜕𝑄"
−2𝑣𝐵. 𝑒 ( &2 ) × 𝐴4 (𝑙 + 𝛿# + 𝛿𝑣)
=
<0
𝜕𝑛
(2(𝑛 − 1)(𝛿# + 𝛿𝑣) + 2(𝑛𝑙 + 𝑤) + 𝐺𝑣)(

since −2𝑣𝐵. 𝑒 −𝐸/𝑅𝑇 × 𝐴4 (𝑙 + 𝛿# + 𝛿𝑣) < 0 for ∀ 𝐵, 𝐴 and 𝑙 > 0. As illustrated in Figure 4c, increasing the number of CAVs in
each platoon decreases the rate of the capacity loss in a synchronized cycle. Hence, the effect of the increase of platoon size on
the battery life in a synchronized cycle is positive. Note that although the rate of the capacity loss decreases sharply with the
increase of the platoon size and marginal gap length in a synchronized cycle, such improvement in the battery life of CAVs also
exerts adverse impacts on the intersections capacity by increasing the cycle length.
Battery-capacity loss rate in a Resynchronized Cycle
The battery-capacity loss rate in a resynchronized cycle(𝑄& ) is derived as a ratio of the rate of battery-capacity loss and the
resynchronized cycle length as:
𝑄& =

𝑄/#!!
𝑇)

(16)

By substituting 𝑄/#!! from (9) and 𝑇 ) from (4) into (15), the rate of battery-capacity loss per resynchronized cycle is expressed
as:
.1

(17)

2𝑎' 𝑣𝐵. 𝑒 ( &2 ) × 𝐴4
𝑄& =
𝑣𝑚* + 𝑚( + 2𝑎' 𝑣𝐺

Similar to the synchronized cycle, the rate of battery-capacity loss in the resynchronized cycle is a strictly increasing function of
speed, as the first-order partial derivative with respect to speed returns the following positive value:
.1

(
∂𝑄& 4𝐵. 𝑒 ( &2 ) × 𝐴4 𝑎'
(𝑙𝑛 + δ# (𝑛 − 1) + 𝑤)
=
>0
∂𝑣
(𝑣𝑚* + 𝑚( + 2𝑎' 𝑣𝐺)(

(18)
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(
since 4𝐵. 𝑒 −𝐸/𝑅𝑇 × 𝐴4 𝑎'
(𝑙𝑛 + δ# (𝑛 − 1) + 𝑤) > 0 for ∀𝑛 ≥ 1. In a resynchronized cycle, the battery-capacity-loss function

is a strictly decreasing function of the marginal gap length and the platoon size as shown below:
.1

(19)

( (
∂𝑄&
−4𝐵. 𝑒 ( &2 ) × 𝐴4 𝑎'
𝑣
=
<0
∂𝐺
(𝑣𝑚* + 𝑚( + 2𝑎' 𝑣𝐺)(

()

∂𝑄&
=
∂𝑛

𝑣 (𝑎, 𝛿 - (𝑛 − 1) + 4𝛿(𝑙 + 𝛿/ ))
7
𝑚0
<0
(𝑣𝑚0 + 𝑚- + 2𝑎, 𝑣𝐺)-

−2𝐵. 𝑒 ' &* + × 𝐴𝑧 𝑎,
𝑣 .𝑚. +

(20)

where
𝑚9 = 2𝑙 + 2δ# + 3𝑣δ

(21)

(
since −𝐵. 𝑒 −𝐸/𝑅𝑇 × 𝐴4 𝑎'
< 0 and 𝑚3 + 𝑣V𝑎𝑚 𝛿2 (𝑛 − 1) + 4𝛿(𝑙 + 𝛿𝑜 )W/𝑚1 > 0, for ∀𝑎' , 𝑣 , 𝑙 > 0 and ∀ n ≥ 1 . The rate of

battery-capacity loss per expected cycle length function is formulated in the following section to investigate the effect of both
cycle lengths and the intersection-control parameters on the capacity loss.
Battery-capacity loss rate at Smart Intersections
The amount of charge that a battery can offer at a given rated voltage decreases with battery usage. Besides the electrical
characteristics and temperature that affect battery life, the capacity loss of the battery is influenced by the driving behavior. In
this research, the rate of the battery-capacity loss per cycle is used to evaluate the impacts of the cooperative control settings on
the battery life of CAVs at smart intersections. To this end, the rate of the battery-capacity loss at smart intersections is derived
as the battery-capacity loss rate, expressed in (9), divided by the expected cycle length, formulated in (8),𝑄 = 𝑄/#!! /E(𝑇):
.1

(22)

𝐴4 𝐵. 𝑒 ( &2 )
𝑄=
𝜏! V1 + 𝑃! (𝐺̅ )W + 𝜏& V1 − 𝑃! (𝐺̅ )W + 𝐺̅

where 𝑄 is the rate of battery-capacity loss at the intersection and 𝜏" and 𝜏& are the platoon passing times in the synchronized
and resynchronized cycles, which can be substituted from (1) and (3), respectively. The proposed analytical model of the capacity
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loss rate demonstrates the enhancement in the battery life of CAVs with the improvement in the synchronization success
probability as the marginal gap length increases, as shown in Figure 5a,b.5

(a) Variations with the success probability

(b) Variations with the marginal gap length

Figure 5: variations of the battery-capacity loss rate with the success probability and the marginal gap length
The battery-capacity loss rate of CAVs at smart intersections is also an increasing function of the speed and a decreasing function
of the platoon size and marginal gap length as is the case in both the synchronized and resynchronized cycles. This can be
mathematically demonstrated by showing that the first-order partial derivative of the battery-capacity loss rate with respect to
the speed is always positive:
−𝐸

( )
𝜕𝑄
4𝐵. 𝑒 𝑅𝑇 × 𝐴𝑧 𝑎2𝑚 (𝑃! (𝐺̅ ) + 1)(𝑙𝑛 + 𝛿# (𝑛 − 1) + 𝑤)
=
>0
𝜕𝑣
𝑚24

(23)

where
𝑚: = 𝑎' V(𝑃! (𝐺̅ ) + 1)(2𝛿# (𝑛 − 1) + 2𝑙𝑛 + 𝛿𝑣(𝑛 − 1) + 2𝑤) + 2𝛿𝑣(𝑛 − 1) + 2𝐺̅ 𝑣 W − (𝑃! (𝐺̅ ) − 1)𝑣𝑚*

(24)

A ) + 1B(𝑙𝑛 + 𝛿𝑜 (𝑛 − 1) + 𝑤) > 0,∀ 𝑛, 𝑙, 𝑤 and 𝑣 > 0. Similarly, the first-order partial derivative
since 4 𝐵. 𝑒 ()/&* × 𝐴: 𝑎,
@𝑃𝑠 (𝐺

of the battery-capacity loss rate with respect to the platoon size is also shown to be negative:

5

This is the dominant case in which 𝜕E(𝑇)/𝜕𝐺̅ ≥ 0 for 𝐺̅ ≥ 𝐺 ∗ where 𝐺 ∗ = 2𝑧 &' (𝜏( − 𝜏) )&' as explained in Amirgholy et al. (2020a).
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𝜕𝑄
=
𝜕𝑛

.1

− 𝐵. 𝑒 = &2 > × 𝐴4 𝑚?
<0
̅ ) + 3) (𝑃! (𝐺̅ ) + 1)(𝛿# (𝑛 − 1) + 𝑙𝑛 + 𝑤) (𝑃! (𝐺̅ ) − 1)𝑚* (
(
𝛿(𝑛
−
1)
𝑃
(𝐺
!
m𝐺̅ +
+
−
n
2
𝑣
2𝑎𝑚

(25)

where
(𝑃! (𝐺̅ ) + 1)(𝛿# + 𝑙 + 𝛿𝑣) 1 − 𝑃! (𝐺̅ )
𝑎𝑚 𝛿2 (𝑛 − 1) + 4𝛿(𝑙 + 𝛿𝑜 )
𝑚? =
+
P𝛿 +
Q
𝑣
2
𝑚1

(26)

since − 𝐵. 𝑒−𝐸/𝑅𝑇 × 𝐴4 𝑚? < 0, for ∀𝑛 ≥ 1 and∀𝑣, 𝑙, and 𝑤 > 0. In the following section, the impacts of the change in the
speed, platoon size, and marginal gap length on the battery-capacity loss rate is assessed in a numerical example.
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CHAPTER V
NUMERICAL EXAMPLE
This section provides a numerical evaluation of the effects of changes in the cooperative control variables on the rate of batterycapacity loss of CAVs at smart intersections. In this numerical example, the primary characteristics of the LIBs used in CAVs
are as follows: the nominal capacity of a single cell is 10 Ah, DoD = 10%, and the cycle number is 120. The rate of batterycapacity loss is calculated at temperature 𝑇 = 20oC, for gas constant 𝑅 = 8.314 J/(mol K), activation energy 𝐸 = 4.36 × 10: ,
pre-exponential factor 𝐵 = 1.75 × 10? , and power-law factor 𝑧 = 1.3. The ampere-hours and temperature are treated as
constants to enable the evaluation of the rate of battery-capacity loss to be based solely on the variations in the platoon size,
network speed, and marginal gap length. The values set for the intersection parameters and platoon settings in this example are
as follows: intersection width 𝑤 = 3m, average vehicle length 𝑙 = 4 m, intra-platoon jam spacing 𝛿# = 0.1 m, and the fixed
incremental rate of 𝛿 = 0.4s. The maximum allowable acceleration and free flow speed are 𝑎' = 16m/s2 and 𝑣 = 25m/s. The
impacts of the variations in the macro-level control variables of the system on the rate of battery-capacity loss are numerically
evaluated in the reminder of this section.
Battery-capacity loss rate in Synchronized and Resynchronized Cycles
The rate of battery-capacity loss in synchronized and resynchronized cycles is an increasing function of the platoon speed 𝑣 and
a decreasing function of the platoon size 𝑛 and marginal gap uG. Figures 6a,d depict the variations of the battery-capacity loss
rate with platoon speed in synchronized and resynchronized cycles. As shown in these figures, the battery-capacity loss rate
increases with the rise of the speed. Note that the available battery capacity depends on the rate at which the battery is discharged.
Thus, as the speed of a CAV platoon increases, the battery capacity also discharges faster, which can reduce the amount of
energy that can be extracted from the vehicle battery. Figures 6b,e also plot the variations of the rate of battery-capacity loss and
the platoon size in synchronized and resynchronized cycles. The rate of battery-capacity loss decreases as the platoon size
increases, which means increasing the platoon size has a positive effect on the vehicle battery life. Variation in the batterycapacity loss rate with marginal gap length in synchronized and resynchronized cycles is also plotted in Figures 6c,f. It can be
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inferred from these figures that allowing a larger marginal gap between the arrival and departure of platoons decreases the
battery-capacity loss rate and has positive impacts on the vehicle battery life.

(a) Variations with speed

(d) Variations with speed

(b) Variations with platoon size

(e) Variations with platoon size

(c) Variations with marginal gap length

(f) Variations with marginal gap length

Figure 6: Variation of battery-capacity loss rate in synchronized and resynchronized cycles
Battery-capacity loss rate at Smart Intersections
At smart intersections, the rate of battery-capacity loss of CAV platoons is an increasing function of the network speed,𝑣 and a
decreasing function of the platoon size, 𝑛, and the marginal gap length, 𝐺̅ , as shown in Figure 7a-c. It can be observed from
Figure 7a that increasing the network speed increases the rate of battery-capacity loss at the intersection. However, the amount
of battery-capacity loss rate for any given speed is higher in the synchronized and resynchronized cycles. At a speed of 40m/s,
the battery-capacity loss rates in the synchronized and resynchronize cycles are 2.6%/s and 1.8%/s respectively (see Figures 6
a,d) while that of the intersection is 0.98% (Figure 7a). The effect of increasing the platoon size on the capacity loss rate of the
battery at the intersection is also positive as shown in Figure 7b. Figure 7c also plots the variations in the rate of battery-capacity
loss with the mean marginal gap length. The effect of increasing the marginal gap length on the battery-capacity loss rate is
positive. Increasing the marginal gap length improves the synchronization success probability, and thus, reduces the batterycapacity loss rate and enhances the battery life, as shown in Figure 7d.
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(a) Variations with speed

(b) Variations with platoon size

(c) Variations with marginal gap length

(d) Variations with synchronization success probability

Figure 7: Variations of the battery-capacity loss rate at smart intersections
Besides the physical characteristics of LIBs, the battery-capacity loss rate at smart intersections also largely depends on the macrolevel control variables of the system, i.e., network speed, platoon size, and marginal gap length. Contour plots of Figure 8 depict the
variations of the battery-capacity loss rate with the primary control variables. As shown in Figure 8a, a concurrent increased in both
network speed and platoon size does not have significant impact on the battery-capacity loss rate. At a constant platoon size, the
battery-capacity loss rate increases with increased in network speed. However, increasing the platoon size at a constant network speed
decreases the battery-capacity loss rate. Increasing the network speed and marginal gap length also has opposite effects on the batterycapacity loss rate as shown in Figure 8b. However, the negative impact of an increase in the speed on battery-capacity loss rate
escalates with a decrease in marginal gap length. The contour plot of Figure 8c also depicts the variations of the battery-capacity loss
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rate with the marginal gap length and platoon size, which are quite consistent. An increased in both marginal gap and platoon size
significantly decreases the battery-capacity loss rate. It can be deduced from Figure 8 that the battery-capacity loss rate can be
considerably reduced by simultaneously adjusting the network speed, platoon size, marginal gap length. The numerical results show
that increasing the average platoon size from 4.2 to 5 vehicles and the marginal gap length from 0.06s to 0.1s and simultaneously
reducing the network speed from 25m/s to 20m/s can improve CAVs’ battery life by 20.9% at the cost of a 5.6 % reduction from the
maximum network capacity derived in Amirgholy et al. (2020b).

(a) Variations with platoon size
and speed

(b) Variations with marginal gap length
and speed

(c) Variations with platoon size and
marginal gap length

Figure 8: Variations of the battery-capacity loss rate, Q (%/s) at smart intersections
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CONCLUSION
Cooperative control of CAVs enables coordinating the passage of consecutive platoons through signal-free smart intersections,
which can significantly improve the capacity of intersections. However, the impacts of such improvements in the capacity of
intersections on the battery life of CAVs are not necessarily positive. This research aims to investigate the impacts of adjusting
the cooperative control variables on the battery-capacity loss rate of CAVs at smart intersections. To this end, an analytical
battery life model is developed by combining a macroscopic traffic model and a battery-life model. The proposed battery life
model is then used to demonstrate the importance of adjusting the platoon size, network speed, and the marginal gap length for
enhancing the battery life of CAVs. The results of the research indicate that the rate of battery-capacity loss is a strictly increasing
function of the network speed but a strictly decreasing function of the marginal gap length and platoon size. In other words,
reducing the network speed and increasing the marginal gap length and the platoon size can have positive impacts on the CAV
battery life. In general, it can be concluded that, in addition to the physical characteristics of LIBs, the capacity loss rate at smart
intersections also largely depends on the macro-level control variables of the system, i.e., network speed, platoon size, and
marginal gap length. The numerical results of the research also show that adjusting the macro-level control variables can improve
CAVs’ battery life by 20.9% at the cost of a 5.6 % reduction from the maximum network capacity.
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